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Background: Multiple myeloma (MM) typically evolves from monoclonal

gammopathy of undetermined significance (MGUS) and smoldering multiple

myeloma (SMM). Its progression is accompanied by significant tumor

heterogeneity and immune microenvironment remodeling, and MM remains

largely incurable despite therapeutic advances. Elucidating cellular

heterogeneity and regulatory mechanisms involved in disease progression is

critical for understanding MM pathogenesis.

Methods: Single-cell RNA sequencing (scRNA-seq) provides important support

for systematically elucidating the molecular mechanisms and immune regulatory

pathways associated with the progression of MM. The scRNA-seq datasets from

healthy donors (HD), MGUS, SMM, and MM patients were obtained from the GEO

database to analyze plasma cell transcriptional heterogeneity within the bone

marrow microenvironment. Plasma cell differentiation trajectories were inferred

using pseudotime analysis, and intercellular communication and transcription

factor regulatory networks were predicted using CellChat and SCENIC analyses.

In addition, functional validation of ELK3 was performed in vitro using MM cell

lines RPMI 8226 and U266.

Results: In this work, we used scRNA-seq to thoroughly evaluate the

heterogeneity of MM. We identified a tumor-associated plasma cell subtype, C4

TTN+ plasma cell subtype, which was predominant in SMM and MM and was

significantly enriched throughout the intermediate and final phases of

differentiation. We hypothesized that C4 TTN+ plasma cell subtype may be

associated with the progression of MM. We also found that the TGFb signaling

pathway played a key role in the interaction between C4 TTN+ plasma cell

subtype and various cell types within the TME. Furthermore, in vitro

experiments validated the positive regulatory effects of ELK3 on plasma cell

proliferation, migration, and cell viability in MM.
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Conclusion: In summary, this study, based on scRNA-seq analysis, identified a C4

TTN+ plasma cell subtype potentially associated with ELK3. This subtype may be

associated with progression and immune evasion in MM, thereby providing a

potential new direction for targeted immunotherapeutic strategies in MM.
KEYWORDS

monoclonal gammopathy of undetermined significance, multiple myeloma,
scRNA-seq, smoldering multiple myeloma, tumor heterogeneity
1 Introduction

Multiple myeloma (MM) is a malignant plasma cell neoplasm

characterized by the clonal expansion of aberrant plasma cells (1).

Since 1990, the global incidence of MM has shown a sustained

increase, with a particularly marked rise among the elderly

population (2, 3), thereby imposing a substantial burden on

public health systems (4). MM typically evolves through two

premalignant stages, namely monoclonal gammopathy of

undetermined significance (MGUS) (5) and smoldering multiple

myeloma (SMM) (6), both of which generally lack overt clinical

manifestations (7). Epidemiological studies indicate that

approximately 5% of adults are diagnosed with MGUS (8), with

an estimated annual risk of progression to MM of about 1% (9).

Furthermore, nearly one-third of patients with SMM ultimately

progress to MM, with an annual progression risk of approximately

10% (10, 11). MM is frequently associated with a broad spectrum of

clinical complications, including hypercalcemia, renal dysfunction,

anemia, bone pain, and profound immunosuppression (12, 13).

Accumulating evidence indicates that immune dysregulation plays

a pivotal role in the initiation and progression of MM (14). During

the MGUS or SMM stages, patients are generally maintained in a

state of relative immune homeostasis. However with the progressive

accumulation of genetic alterations, functional exhaustion of T cells,

and dynamic remodeling of the tumor microenvironment (TME),

this immune equilibrium is gradually disrupted. The resulting

immunosuppressive TME facilitates immune evasion and

ultimately drives the progression of MM (15).

Autologous stem cell transplantation remains one of the

standard therapeutic strategies for eligible patients with MM. This

therapy not only effectively reduces tumor burden but also partially

restores antitumor immune function, thereby significantly

prolonging patient survival (16, 17). With the rapid progress of

targeted immunotherapy in the treatment of MM, new treatment

strategies, including monoclonal antibodies, bispecific antibodies,

and immune checkpoint inhibitors, are constantly emerging,

providing more options for patients with relapsed or refractory

MM (18). Nevertheless, MM remains largely incurable in clinical

practice and is characterized by a high rate of relapse (19, 20).

Consequently, elucidating the key molecular mechanisms

underlying MM progression, delineating disease heterogeneity,

and identifying critical drivers of disease advancement are of

substantial scientific importance and clinical relevance for

early risk stratification of high-risk patients, implementation of

precision therapeutic interventions, and improvement of overall

patient outcomes.
02
Single-cell RNA sequencing (scRNA-seq) technology can

characterize the transcriptome features of cells at relatively high

resolution, thereby revealing cellular heterogeneity and identifying

cell subtypes with potential biological significance in complex

tissues (21). This technology has been widely used in research

on various cancers, providing strong support for a deeper

understanding of the dynamic changes in the occurrence and

development of cancer. In this study, we used scRNA-seq

technology to systematically analyze healthy donors (HD),

MGUS, SMM, and MM samples, aiming to reveal cellular

heterogeneity and potential molecular mechanisms in the

progression of MM, and to identify key malignant subpopulations

and regulatory factors. This study aims to provide potential

intervention targets for further delaying the malignant

progression of MM and improving patient prognosis.
2 Materials and methods

2.1 Source of data and preprocessing

We obtained 14 samples from patients with MM and its

precancerous lesions (MGUS and SMM) and 5 bone marrow

aspiration samples from HD from the GEO database (https://

www.ncbi.nlm.nih.gov/geo/) (GSE271107) (22). Raw expression

matrices were processed using the Seurat R package (v4.3.0) (23).

Potential doublets were subsequently removed using the

DoubletFinder package (v2.0.3) (24, 25). Quality control filtering

was applied to remove low-quality cells. Cells were retained if they

met the following conditions: mitochondrial gene proportion <

25%; 300 < nFeature < 6,000; 500 < nCount < 100,000; and

hemoglobin gene proportion < 5% (26, 27).

Data normalization was performed using the “NormalizeData”.

The “FindVariableFeatures” and “ScaleData” function were used to

identify the top 2000 highly variable genes and perform

standardization (28). The batch effect was reduced by using the

Harmony package (v0.1.1), and the top 30 principal components

were chosen for further analysis (29, 30).

2.2 Cell type identification

After dimensionality reduction and clustering, the cell

populations were shown using the uniform manifold

approximation and projection (UMAP) (31, 32). The CellMarker

database (http://xteam.xbio.top/CellMarker/) (33) was then used to
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annotate cell clusters. To further elucidate the dynamic changes of

plasma cells during MM progression, plasma cells were subjected to

an additional round of dimensionality reduction, clustering, and

subtype annotation (34).

2.3 Differentially expressed genes
enrichment and AUCell analysis

The “FindAllMarkers” function was applied to identity

differentially expressed genes (DEGs) across cell clusters (35). The

clusterProfiler (v4.6.2) and SCP (v0.4.8) packages were then used to

conduct functional enrichment analysis of the DEGs in order to

investigate putative biological processes. Gene Ontology (GO) and

Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment

analyses (36) were employed to characterize the enrichment of

specific functional terms. Gene Set Enrichment Analysis (GSEA)

(37, 38) was further performed to explore gene regulatory

relationships (39). Finally, the scgmt package (v0.0.3) was used to

construct AUCell matrices, thereby quantifying the activity and

enrichment of particular groups of genes in individual cells.

2.4 Analysis of plasma cell differentiation
trajectories and stemness-related
characteristics

CytoTRACE2 (v1.1.0) was applied to score cellular stemness

and assess the differentiation potential of plasma cell subtypes.

Subsequently, a pseudotime model was constructed using the

Monocle package (v2.24.0) to delineate cellular differentiation

trajectories. Furthermore, the Slingshot package (v2.6.0) was

employed to infer lineage trajectories among plasma cell subtypes,

thereby providing a comprehensive characterization of their

differentiation relationships.

2.5 Cell communication analysis

The CellChat software (v1.6.1) was utilized to create intercellular

communication networks and to conduct ligand-receptor interaction

research to clarify the relationships between various cell types (40–

42). In addition, “netVisual_diffInteraction” function (43) was used

to compare the strength of interactions between different cells,

enabling the identification of significant signaling pathways that

might be connected to MM progression.

2.6 Construction of gene regulatory
networks

To characterize transcription factors (TF) regulatory patterns in

plasma cells, we employed the SCENIC package (v1.3.1) to

construct gene regulatory networks, deduce co-expression

modules among TFs and their target genes, and identify key

regulons (44). The “AUCell” function was then used to calculate

regulator activity at the single-cell level. Based on regulon-specific

scores and AUCell values, the top five TFs were selected for

visualization (45).
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2.7 Cell culture

The MM cell lines RPMI 8226 (Cat. No. TCHu158) and U266

(Cat. No. TCHu189) used in this study were obtained from the Cell

Bank of the Chinese Academy of Sciences (Shanghai, China). Cells

were cultured in RPMI-1640 medium supplemented with 10% fetal

bovine serum (FBS) and 1% penicillin-streptomycin solution, and

kept in a humidified incubator at 37 °C with 5% CO2 (46). Cells

were passaged every 2–3 days to maintain logarithmic growth (47).

2.8 CRISPR/Cas9-mediated ELK3 silencing

CRISPR/Cas9-mediated gene silencing was performed using a

lentiviral system to investigate the function of ELK3 in MM plasma

cells. Two distinct single-guide RNAs (sgRNAs) targeting human

ELK3 were designed and individually cloned into the lentiCRISPRv2

vector in accordance with the conventional cloning procedure.

The constructed lentiCRISPRv2-sgELK3 plasmid and packaging

plasmids psPAX2 and pMD2.G were co-transfected into HEK293T

cells. Viral supernatants were collected and filtered at 48 and

72 hours after transfection and used to infect RPMI 8226 and

U266 cells. To create stable ELK3-knockdown cell lines, cells were

selected after 48 hours of infection and treated with 1 mg/mL

puromycin for 5–7 days. Prior to subsequent functional tests,

knockdown efficiency was confirmed at the mRNA level using

quantitative real-time PCR.

2.9 Quantitative real-time PCR

To verify the effectiveness of ELK3 gene knockdown in MM cell

lines, total RNA was extracted using TRIzol Reagent (48). After

determining the concentration and purity of the RNA, reverse

transcription was performed to synthesize complementary DNA

(cDNA). Quantitative real-time PCR was then performed.

2.10 Cell proliferation assay (CCK-8)

Cell viability following ELK3 knockdown was assessed using the

Cell Counting Kit-8 (CCK-8) according to the manufacturer’s

instructions. Briefly, RPMI 8226 and U266 cells were seeded into

sterile 96-well flat-bottom plates. Three experimental groups were

established: an sgRNA control group (sg-Ctrl), and two ELK3-

targeting groups transduced with independent sgRNAs (sg-ELK3#1

and sg-ELK3#2). Each group was set up in six technical replicates.

Cells were incubated at 37 °C in a humidified incubator containing

5% CO2. At the indicated time points, 10 mL of CCK-8 solution was

directly added to each well, and the mixture underwent incubation at

37 °C for two hours. A SpectraMax i3x microplate reader was used to

measure the absorbance at 450 nm. Cell viability was expressed as the

mean optical density at 450 nm (OD450) of triplicate wells.

2.11 Colony formation assay

Long-term proliferative capacity following ELK3 knockdown

was evaluated using a colony formation assay. Briefly, RPMI 8226
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and U266 cells from the sg-Ctrl, sg-ELK3#1, and sg-ELK3#2 groups

were seeded in 6-well plates, and 2 mL of RPMI-1640 medium

containing 10% FBS was added to each well. Cells were gently

resuspended to ensure uniform distribution and incubated at 37 °C

with 5% CO2. The culture medium was changed every 3–4 days to

ensure ideal nutritional conditions. After the colonies were fixed at

room temperature for 15 minutes, they were rinsed twice with PBS

and then stained with crystal violet solution for 20 minutes. After

staining, gently wash away excess dye with distilled water and air

dry at room temperature.

2.12 Cell migration assay (Transwell)

Cell motility was evaluated using Transwell® polycarbonate

membrane inserts. To minimize proliferation-related confounding,

cells were serum-starved for 6 hours prior to seeding.

RPMI 8226 and U266 cells from the sg-Ctrl, sg-ELK3#1, and sg-

ELK3#2 groups were harvested in the logarithmic phase, viability

confirmed to be > 90% by trypan blue exclusion, and counted with a

hemocytometer. For each insert, 2 × 105 cells were resuspended in

200 mL of serum-free RPMI-1640 and introduced into the upper

chamber; the bottom chamber was filled with 600 mL of RPMI-1640

supplemented with 10% FBS as the chemoattractant. During a 24-

hour incubation period at 37 °C and 5% CO2, non-migrated cells on

the upper surface were carefully removed with a sterile cotton swab.

Membranes were rinsed in PBS, fixed in 100% methanol for 10 min

at room temperature, washed, and stained with 0.1% crystal violet

for 20 minutes. After using distilled water to remove any remaining

dye, the inserts were allowed to air dry.

2.13 Apoptosis analysis

RPMI-8226 and U266 cells from the sg-Ctrl, sg-ELK3#1, and

sg-ELK3#2 groups were harvested during the logarithmic growth

phase. A non-transduced negative control group (NC) was included

to evaluate potential effects of the transduction procedure or vector

system on basal cell viability. Cells were subsequently washed twice

with ice-cold phosphate-buffered saline and resuspended in binding

buffer. A 100 mL of cell suspension was aspirated from each sample

and placed in a test tube. The cells were stained with the Annexin

V–FITC/PI apoptosis kit at room temperature in the dark for

15 minutes. Binding buffer was then added to each tube, and

apoptosis detection and analysis were immediately performed

using a BD FACSCanto II flow cytometer. The FlowJo software

(v10.8.1) was used to process the data. For statistical study, the

proportion of all apoptotic cells (early + late apoptosis) was utilized.

2.14 Statistical analysis

R software (v4.3.2) and GraphPad Prism software (v9.0) were

used for all statistical analyses. Unless otherwise indicated, data are

presented as mean ± standard deviation (SD) (49). All experiments

were independently repeated at least three times (50).

All quantitative data were visualized using GraphPad Prism,

and p-values were denoted as follows: p < 0.05 (*), p < 0.01 (**), and

p < 0.001 (***) (51). Statistical significance was set at p < 0.05 (52).
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Graphs and bar plots depict mean values with error bars

representing SD unless otherwise specified.
3 Results

3.1 scRNA-seq analysis in the progression
of MM

The scRNA-seq analysis was performed on samples from six

patients with MGUS, four patients with SMM, four patients with

MM, and five HD. In addition, in vitro experiments were conducted

to validate the functional role of ELK3. The overall study design and

analytical workflow were illustrated in Figure 1.

Following stringent quality control, a total of 118,883 cells were

retained for subsequent analysis. Based on the expression of

established marker genes, these cells were annotated into cell

populations, including plasma cells, B cells, plasmacytoid dendritic

cells (pDCs), T and NK cells (T/NK), megakaryocytes, myeloid cells,

hematopoietic stem cells (HSCs), erythroid cells, pro-neutrophils,

and megakaryocyte-erythroid progenitors (MEPs) (Figure 2A).

Plasma cells were predominantly derived from MM samples, and

the majority were in the G1 phase of the cell cycle (Figures 2B, C). For

these ten cell types, the top five marker genes for each population

were further identified (Figure 2D). These genes were consistent with

previously reported cell type-specific markers. To further characterize

the differences among these cell populations, we visualized the spatial

distribution patterns of cell stemness AUC, pRP, G2/M phase, S

phase, nCount RNA, and nFeature RNA, and compared AUCell

scores across different cell types (Figures 2E, F). In addition, we

performed GO-BP enrichment analysis. The results showed that

oxidative phosphorylation and cytoplasmic translation were

particularly prominent in plasma cells (Figure 2G). Next, GSEA

revealed the upregulated and downregulated pathways in plasma

cells. As shown in Figure 2H, plasma cells exhibited upregulation of

pathways including retrograde protein transport from the

endoplasmic reticulum (ER) to the cytosol, the ER-associated

degradation (ERAD) pathway, and the ubiquitin-dependent ERAD

pathway, whereas pathways related to cell killing, granulocyte

chemotaxis, and antigen processing and presentation of exogenous

peptide antigens were downregulated.

3.2 Heterogeneity of plasma cell subtypes

To further clarify the crucial part that plasma cells play in the

development of MM, we performed another cluster analysis on 6,587

plasma cells, and classified them into eight plasma cell subtypes. We

then designated each subtype based on its significantly expressed

genes: C0 IGHD+ plasma cell subtype, C1 EDNRB+ plasma cell

subtype, C2 SSR4+ plasma cell subtype, C3 PCDH9+ plasma cell

subtype, C4 TTN+ plasma cell subtype, C5 MDK+ plasma cell

subtype, C6 MALAT1+ plasma cell subtype, and C7 JCHAIN+

plasma cell subtype (Figure 3A). Next, we further analyzed the top

five marker genes of these eight plasma cell subtypes as shown in

Figure 3B. The C4 TTN+ plasma cell subtype mainly expressed
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IGHV4-59, FRZB, IGHG1, IGHG3, and IGHG4. To further

characterize the differences between plasma cell subtypes, we

showed differentially expressed genes that were upregulated and

downregulated in eight plasma cell subtypes (Figure 3C) and

compared the approximate percentages of the eight plasma cell

subtypes across different groups and phases (Figure 3D).

We found that, compared to HD, C4 TTN+ plasma cell subtype

was a unique subtype in SMM and MM, and accounted for a

relatively higher proportion in SMM and MM. Furthermore, the

majority of C4 TTN+ plasma cell subtype were in the G1 and S

phases. The Ro/e heatmaps further revealed the groups and phases

distribution preferences of the eight plasma cell subtypes, which

were consistent with the above findings (Figure 3E). Figure 3F

compared the AUCell scores of named genes within each plasma

cell subtype, further characterizing the heterogeneity of plasma cell

subtypes. To understand the plasma cell subtypes’ capacity for

differentiation, we visualized the cell stemness AUC scores using

contour plots and further compared them using violin plots. We

found significant differences in stemness AUCell scores among the

subtypes. The C1 EDNRB+ plasma cell subtype and C4 TTN+

plasma cell subtype exhibited relatively high stemness, followed by

C0 IGHD+ plasma cell subtype and C7 JCHAIN+ plasma cell

subtype, indicating that these subtypes possessed higher

proliferation and differentiation potential (Figure 3G).
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Enrichment analysis further revealed differences in biological

functions among the subtypes. Figure 3H compared the differences

in KEGG enrichment analysis among plasma cell subtypes, while

Figure 3I showed the GO enrichment analysis results for C4 TTN+

plasma cell subtype. We found that C4 TTN+ plasma cell subtype was

primarily concentrated in processes such as ribosomes,

ribonucleoprotein synthesis, cytoplasmic translation, and ribosome

structural components, which indicated that C4 TTN+ plasma cell

subtype had an exceptionally robust protein synthesis capacity.

Cancer cell metabolism was closely related to cancer progression

and outcome. Figure 3J illustrated the top 20 metabolic pathways

associated with C4 TTN+ plasma cell subtype, of which the top three

were oxidative phosphorylation, N-glycan biosynthesis, and

glutathione metabolism. To compare the differences in these three

metabolic pathways among subtypes, we visualized them in contour

plots and used violin plots for clearer comparison (Figures 3K, L).

3.3 Pseudotime trajectory and stemness
analysis reveal the potential malignant
progression of the C4 TTN+ plasma cell
subtype

Considering the differences in stemness among subtypes shown

in Figure 3G, we further analyzed the stemness and differentiation
FIGURE 1

MM scRNA-seq: analysis workflow. The scRNA-seq analysis process for MGUS, SMM, MM, and HD included data processing, identification of key cell
subtypes, pseudotime analysis, cell communication analysis, transcription regulatory network inference, and in vitro experimental validation.
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FIGURE 2

Identification of cell types in the samples using 10× scRNA-seq. (A) The UMAP plot visualized the single-cell lineages identified in this study. Distinct
colors represented different cell types. The bottom-right panel illustrated the 3D spatial distribution of these cells. (B, C) The UMAP plots were
colored by groups (top) and phases (bottom), and the bar charts showed the approximate proportions of different groups (top) and phases (bottom)
in the ten cell types. (D) The heatmap depicted the expression patterns of the top five marker genes for each of the ten cell types. (E, F) The contour
and violin plots illustrated the distribution and scores of cell stemness AUC, pRP, G2/M score, S score, nCount RNA, and nFeature RNA across the
ten cell types. (G) The lollipop plot presented the GO enrichment analysis of key DEGs in the ten cell types. (H) GSEA (GO-BP) of plasma cells.
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FIGURE 3

Single-cell landscape of plasma cell subtypes. (A) The circular plot illustrated the distribution of plasma cell subtypes, with the three concentric
circles from outer to inner representing the approximate proportions of subtypes, groups, and phases. The UMAP plots at the four corners depicted
the expression and distribution patterns of nCount RNA, nFeature RNA, G2M score, and S score. (B) The heatmap displayed the expression levels of
marker genes across eight plasma cell subtypes, with deeper colors indicating higher expression. (C) The volcano plot demonstrated the differential
gene expression profiles among the eight subtypes. (D) The bar plots presented the approximate percentages of the eight subtypes across different
groups (left) and phases (right). (E) The heatmap illustrated the preference of the eight plasma cell subtypes for distinct groups (left) and phases
(right), where Ro/e denoted the ratio of observed to expected cell counts. (F) The violin plots depicted the AUCell scores of named genes (IGHD,
EDNRB, SSR4, PCDH9, TTN, MDK, MALAT1, JCHAIN) across the eight plasma cell subtypes. (G) The contour plot (top) and violin plot (bottom)
demonstrated the distribution and scores of cell stemness AUC. (H) The bar plot showed the KEGG enrichment results for the eight plasma cell
subtypes. (I) GO enrichment analysis results of C4 TTN+ plasma cell subtype. (J) The heatmap displayed the top 20 metabolic pathways of C4 TTN+
plasma cell subtype. (K, L) The contour plots and violin plots illustrated the distribution and AUCell scores of the top three metabolic pathways in C4
TTN+ plasma cell subtype (oxidative phosphorylation, N-glycan biosynthesis, and glutathione metabolism).
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potential of plasma cells and inferred their progression. We first

used cytoTRACE2 to predict the differentiation potential of plasma

cell subtypes. Notably, C1 EDNRB+ plasma cell subtype and C4

TTN+ plasma cell subtype had higher cytoTRACE2 scores

compared to other subtypes, and most of them were oligopotent

progenitors with high differentiation potential (Figures 4A–C). We

then constructed pseudotime trajectories for the plasma cell

subtypes using Monocle analysis. The findings demonstrated that

C4 TTN+ plasma cell subtype was primarily distributed in the

middle and late stages of the pseudotime trajectory, with the

majority belonging to states 6 and 7. Although the C1 EDNRB+

plasma cell subtype was mostly found toward the pseudotime

trajectory’s end, the C2 SSR4+ plasma cell subtype, C5 MDK+

plasma cell subtype, and C6 MALAT1+ plasma cell subtype were

primarily detected in the early and middle stages. Furthermore, C0

IGHD+ plasma cell subtype exhibited a bimodal distribution, with

some cells located at the beginning and others at the end of the

pseudotime trajectory (Figures 4D, E).

Next, we used Slingshot analysis to more clearly visualize the four

lineages of plasma cell subtypes: lineage 1 progressed sequentially

through C1 EDNRB+ plasma cell subtype, C7 JCHAIN+ plasma cell

subtype, C0 IGHD+ plasma cell subtype, C5 MDK+ plasma cell

subtype, C3 PCDH9+ plasma cell subtype, and C6MALAT1+ plasma

cell subtype; lineage 2 followed the path of C1 EDNRB+ plasma cell

subtype, C7 JCHAIN+ plasma cell subtype, C0 IGHD+ plasma cell

subtype, C5 MDK+ plasma cell subtype, C3 PCDH9+ plasma cell

subtype, and C1 EDNRB+ plasma cell subtype; lineage 3 followed the

trajectory of C1 EDNRB+ plasma cell subtype, C7 JCHAIN+ plasma

cell subtype, C0 IGHD+ plasma cell subtype, C5 MDK+ plasma cell

subtype, C3 PCDH9+ plasma cell subtype, and C2 SSR4+ plasma cell

subtype; lineage 4 began at C1 EDNRB+ plasma cell subtype,

progressed sequentially through C7 JCHAIN+ plasma cell subtype

and C0 IGHD+ plasma cell subtype, and ultimately terminated at C4

TTN+ plasma cell subtype (Figure 4F). Notably, the fluctuations in

the expression of eight plasma cell subtype named genes along the

pseudotime trajectory further support the above results (Figure 4G).

Cancer stem cells were capable of self-renewal and

differentiation, and were significantly associated with tumor

development, metastasis, and drug resistance (53, 54). We used

bubble diagrams to display stemness-related genes in eight plasma

cell subtypes and four sample types (Figure 4H), and violin

diagrams to further compare changes in stemness gene expression

(Figure 4I). The results showed that BMI1 was expressed at certain

levels across all subtypes and groups, MYC was most prominently

expressed in C1 EDNRB+ subtype and MGUS, and HIF1A was only

expressed in C4 TTN+ plasma cell subtype. CD44, BMI1, ABCG2,

HIF1A, and KDM5B represented the five most highly expressed

stemness-related genes in C4 TTN+ plasma cell subtype. Their

distribution was further illustrated in Figure 4J.

3.4 Cell communication network analysis
predicted complex signal transduction
among various cell types and identified key
cancer-related signaling pathways

To elucidate the communication patterns among different cell

types and understand their regulatory role in disease progression,
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we performed CellChat analysis based on scRNA-seq data. We

detected a complex and highly interactive communication network

among the different cell types (Figure 5A), including plasma cell

subtypes, T/NK cells, myeloid cells, B cells, erythroid cells, pro-

neutrophils, pDCs, and HSCs. The C4 TTN+ plasma cell subtype

played a key role in signaling, acting as both a transmitter and a

receiver, with particularly strong interactions with myeloid cells,

megakaryocytes, HSCs, and B cells (Figure 5B). In addition,

signaling pathways such as MK, IL16, BTLA and COLLAGEN

had relatively high communication intensity in the outgoing

signaling pattern of the C4 TTN+ plasma cell subtype, while

pathways such as TGFb, GAS, BAFF and APRIL were relatively

prominent in the incoming signaling pattern (Figure 5C). Notably,

we found that communication between C4 TTN+ plasma cell

subtype and other cell types was strongly enriched in the TGFb

signaling pathway. The layered diagram further illustrated the

detailed cellular communication network within the TGFb

signaling pathway. The C4 TTN+ plasma cell subtype primarily

received its own signals through an autocrine pathway and

established paracrine connections with megakaryocytes and HSCs

(Figure 5D). In this signaling pathway, C4 TTN+ plasma cell

subtype served primari ly as a signal rece iver , whi le

megakaryocytes functioned as the main signal sender, with

megakaryocytes, myeloid cells, and MEPs acting as influencers

participating in the signal communication process (Figure 5E).

Subsequently, the violin plots were used to further compare the

expression of ligand-receptor pairs in the TGFb signaling pathway

(Figure 5F). We found that the C4 TTN+ plasma cell subtype,

megakaryocytes, and HSCs exhibited close interactions within the

TGFB1-(ACVR1C+TGFBR2) ligand-receptor communication

network (Figure 5G).

3.5 Inference of TF regulatory networks
using SCENIC

To systematically analyze the transcriptional regulatory features

of plasma cell subtypes, we employed the SCENIC tool, integrated

with the AUCell algorithm, to group key TFs into four regulatory

modules. TFs within each module exhibited similar functional

properties and expression patterns (Figure 6A). We then colored

the UMAP plots, clustered by activity scores based on regulatory

modules, by subtypes, groups, phases, and sample sources, as shown

in Figure 6B. Figures 6C–E showed the expression distribution of

TFs within each regulatory module and compared the AUCell

scores and regulatory activity scores across different plasma cell

subtypes within each module. The results showed that C4 TTN+

plasma cell subtype exhibited relatively higher expression levels in

the M3 module, indicating that C4 TTN+ plasma cell subtype was

primarily regulated by the TFs present in M3. We then identified

the top five TFs for eight plasma cell subtypes and presented their

distribution in UMAP plots (Figures 6F, G).

We identified the top five TFs in C4 TTN+ plasma cell subtype

as ISL2, NFKB1, ELK3, RELB, and NR3C1. We next visualized the

expression of ISL2 (+), NFKB1 (+), ELK3 (+), RELB (+), and

NR3C1 (+) in contour plots (Figure 6H) and compared their

AUCell scores in each plasma cell subtype using violin plots

(Figure 6I). Notably, ELK3 had a relatively high specificity score
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FIGURE 4

Trajectory analysis and stemness characteristics of plasma cell subtypes. (A) The UMAP plot reflected the differentiation potential scores of plasma
cells. (B) The UMAP plot colored cells according to predicted differentiation potential categories, with the facet plots in the upper right further
illustrating the distribution of differentiated, unipotent, and oligopotent states. (C) The violin plots compared the cytoTRACE2 scores across plasma
cell subtypes (left), groups (middle), and phases (right). (D, E) Differentiation trajectories of plasma cell subtypes predicted by Monocle2, visualized by
pseudotime (left), state (middle), and subtypes (right). The facet maps further displayed the trajectories colored by plasma cell subtypes. (F) The
Slingshot analysis further inferred the differentiation trajectories of plasma cell subtypes: Lineage 1, Lineage 2, Lineage 3, and Lineage 4. (G) The
dynamic trend scatter plots illustrated the changes of the named genes IGHD, EDNRB, SSR4, PCDH9, TTN, MDK, MALAT1, and JCHAIN along
Lineage 1, Lineage 2, Lineage 3, and Lineage 4 with pseudotime. (H) The bubble plot depicted the expression of stemness-related genes in plasma
cell subtypes and groups. Bubble colors were based on normalized data, and bubble size represented the percentage of cells expressing the gene.
(I) The violin plot compared the expression levels of stemness-related genes across plasma cell subtypes and groups. (J) The contour plot displayed
the expression levels of the top five marker genes in C4 TTN+ plasma cell subtype.
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FIGURE 5

Analysis of communication between plasma cell subtypes and other cell types. (A) The circle plot showed the number (left) and strength (right) of
interactions between different cell types. Thicker lines represented stronger interactions, and larger dots represented a greater number of cells. (B)
The number (top left) and strength (top right) of interactions between C4 TTN+ plasma cell subtype as a source cell and other cell types. The
number (bottom left) and strength (bottom right) of interactions between C4 TTN+ plasma cell subtype as a target cell and other cell types. (C) The
heat map compared the outgoing and incoming signaling patterns between plasma cell subtypes and other cell types, as well as the relative
strengths of the signaling pathways involved in each pattern. The vertical axis represented signaling pathway, and the horizontal axis represented cell
type. Darker colors indicated stronger signal intensity. The bars above and to the right of the heat map represented the cumulative strength of the
corresponding vertical and horizontal axes. (D) The hierarchical plot showed the communication patterns and signal strengths between plasma cell
subtypes and between plasma cell subtypes and other cell types in the TGFb signaling pathway. Solid dots represented source cells, and hollow dots
represented targets. Thicker lines indicated stronger communication. (E) The centrality score plot demonstrated the roles and expression levels of
plasma cell subtypes and other cell types in the TGFb signaling pathway. (F, G) Violin plots and circle plots compared ligand and receptor
interactions between plasma cell subtypes and other cell types in the TGFb signaling pathway.
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FIGURE 6

Construction of TF regulatory network and identification of key regulatory modules. (A) Heatmap using the SCENIC algorithm and AUCell scores to
classify plasma cell subtypes regulatory factors into four modules. (B) The UMAP plots were colored myeloma-associated plasma cells according to
their regulatory module scores. The distribution of plasma cell subtypes, groups, phases, and sample sources were depicted from left to right. (C)
Contour plots showed the expression levels and scores of TFs in the four regulatory modules. (D) Violin plots compared the AUCell scores of
different plasma cell subtypes in M1, M2, M3, and M4. (E) Scatter plots showed the RAS score rankings of TFs in the four modules for eight plasma
cell subtypes. (F) Scatter plots showed the specificity score rankings of the top five TFs in the eight plasma cell subtypes. (G) The UMAP plots
showed the distribution of the plasma cell subtypes. (H) Contour plots depicted the distribution of ISL2(+), NFKB1(+), ELK3(+), RELB(+), and NR3C1(+)
in UMAP plots. (I) Violin plots compared the expression levels of ISL2(+), NFKB1(+), ELK3(+), RELB(+), and NR3C1(+) in eight plasma cell subtypes.
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in C4 TTN+ plasma cell subtype and displayed elevated expression

levels in M3. Based on these findings, we inferred that the ELK3

may be key to the C4 TTN+ plasma cell subtype transcriptional

regulatory network. To test this hypothesis, we then conducted in

vitro experiments.

3.6 The ELK3 knockdown suppressed
proliferation, colony formation, migration,
and survival of MM plasma cells

To validate the function of ELK3 in proliferating malignant

plasma cell subtypes, we next evaluated the ELK3 knockdown in

RPMI 8226 and U266 cell lines. Figure 7A showed the results of the

colony formation assays, indicating that the ELK3 silencing

significantly reduced clonogenic capacity in both RPMI 8226 and

U266 cell lines. Furthermore, quantitative analysis demonstrated

that the number of colonies formed by the sg-ELK3#1 and sg-

ELK3#2 groups was markedly reduced compared with that of the

sg-Ctrl group (Figure 7B), indicating a significant impairment in

long-term proliferative capacity. Similarly, CCK-8 proliferation

assays showed that ELK3 depletion substantially decreased cell

viability in a time-dependent manner (Figures 7C, D). The OD450

values were consistently lower in the sg-ELK3 groups than in the sg-

Ctrl groups, indicating that ELK3 promoted the growth of MM

plasma cells. Transwell migration assays further revealed that loss of

ELK3 markedly suppressed the motility of MM plasma cells

(Figure 7E). Quantification of migrated cells demonstrated a

significant reduction in the sg-ELK3 groups (Figure 7F),

suggesting that ELK3 contributed to the invasive phenotype of MM.

Flow cytometric analysis using Annexin V–FITC/PI staining

was performed to evaluate apoptosis following ELK3 depletion. As

shown in Figure 7G, sg-ELK3#1 and sg-ELK3#2 markedly increased

the proportion of apoptotic cells in both RPMI-8226 and U266 cell

lines compared with the sg-Ctrl group. In addition, the NC group

exhibited a similar apoptotic profile to that of the sg-Ctrl group,

indicating that the sgRNA delivery system itself did not significantly

affect basal cell viability. These results demonstrated that the

elevated apoptosis is specifically attributable to ELK3

depletion rather than to nonspecific effects of the vector or

transduction procedure.

Collectively, these findings confirmed that ELK3 was highly

expressed in proliferating malignant plasma cell clusters, further

validating the conclusions in scRNA-seq. ELK3 promoted the

proliferation, migration, and survival of MM plasma cells and was

associated with the progression of MM.
4 Discussion

The occurrence of MM is associated with multiple factors,

including age, gender, and family history (55), but its exact

etiology remains unclear. With the continuous optimization of

diagnostic and treatment strategies, progression-free and overall

survival have been significantly improved in MM patients (56).

However, MM remains difficult to cure (57). The emergence and
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evolution of refractory clones, as well as complications and

treatment-related toxicities, further exacerbate the poor prognosis

of MM patients (58). Notably, MGUS and SMM, as premalignant

stages of MM, exhibit significant initial genetic heterogeneity (59).

This heterogeneity suggests that it is urgent and necessary to further

explore the biological characteristics of MM and its precancerous

stages and elucidate the molecular mechanisms regulating MM

clonal diversity (60).

In this study, we systematically analyzed bone marrow

aspiration samples from SMM, MM, HD, and MGUS using

scRNA-seq technology. We systematically characterized the

cellular heterogeneity during MM progression at the single-cell

level, and constructed a high-resolution cellular atlas. A total of 10

distinct cell types were identified. Notably, plasma cells were

significantly enriched in MM samples, reflecting the characteristic

proliferation of malignant plasma cells, a hallmark of the disease

state (61).

An increasing body of evidence indicates that malignant plasma

cells in MM exhibit pronounced transcriptional heterogeneity,

which is closely associated with disease progression and

therapeutic resistance (62–64). Consistent with previous studies,

we concentrated more on the heterogeneity of plasma cells. We first

identified a tumor-associated plasma cell subtype—the C4 TTN+

plasma cell subtype. The top 5 marker genes for this subtype were

IGHV4-59, FRZB, IGHG1, IGHG3, and IGHG4. In addition, as TTN

was expressed at a relatively higher level in this subtype, it was

selected as the named gene for its designation.

TTN gene contains 364 exons (65). Owing to its exceptionally

large size, TTN is prone to mutations and is recognized as a key

pathogenic gene in several cardiovascular and musculoskeletal

disorders (66–68). Moreover, pan-cancer analyses have identified

TTN as one of the most frequently mutated genes across multiple

tumor types (69). Previous studies have suggested that expression

heterogeneity associated with TTN mutations may correlate with

prolonged survival in patients with lung adenocarcinoma (70, 71)

and may enhance the sensitivity of rectal adenocarcinoma to

radiotherapy (72). Conversely, other studies have reported that

the expression of TTN and its related long non-coding RNA

(lncRNA-TTN-AS1) may promote the development and

metastasis of melanoma (73). In MM, TTN has also been

identified as a frequently mutated gene, and its mutations have

been associated with unfavorable prognosis (74, 75). Collectively,

these findings indicate that TTN is closely associated with tumor

mutational burden and the progression of multiple malignancies

(76), providing supporting evidence for the potential biological

relevance of the higher TTN expression observed in this study.

At the sample level, the C4 TTN+ plasma cell subtype was

present in both SMM and MM, further supporting its identification

as a tumor-associated plasma cell subtype. Enrichment analysis

results demonstrated that the C4 TTN+ plasma cell subtype was

primarily involved in biological processes such as metallopeptidase

activity, enzyme inhibitor activity, mRNA 5’-UTR binding, and

structural constituents of the ribosome. Next, we presented the top

20 metabolic pathways associated with the C4 TTN+ plasma cell

subtype, among which oxidative phosphorylation, N-glycan

biosynthesis, and glutathione metabolism played key roles in its
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metabolic network. The flexible metabolic profile of the C4 TTN+

plasma cell subtype offered considerable adaptation to changes in

the TME in addition to providing enough energy for fast tumor cell

proliferation. Additionally, this metabolic flexibility was strongly

linked to relapse following MM treatment and may contribute to

the emergence of drug resistance (77).
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CytoTRACE2 analysis was used to predict the differentiation

potential of plasma cells. Results showed that the C4 TTN+ plasma

cell subtype exhibited a relatively high cytoTRACE2 score,

indicating relatively strong differentiation potential but a low

degree of differentiation, potentially representing an activated

malignant plasma cell population. Subsequently, we further
FIGURE 7

In vitro experiments, verification of ELK3 knockdown efficiency and quantitative analysis of cell apoptosis. (A) Representative images of colony
formation assays in RPMI 8226 and U266 cells transfected with sg-Ctrl, sg-ELK3#1, or sg-ELK3#2. (B) Quantification of colony numbers, quantitative
analysis revealed that colonies formed by sg-ELK3#1 and sg-ELK3#2 groups were significantly fewer than those of the control (sg-Ctrl) group
(p<0.01). (C, D) CCK-8 assays showing cell proliferation curves of RPMI 8226 (C) and U266 (D) cells over four days. The OD450 values reflected cell
viability. (E) Representative images of Transwell migration assays for indicated groups. (F) Quantification of migrated cell numbers per field
demonstrated a significant reduction in the sg-ELK3 groups (p<0.01). (G) Flow cytometry analysis of apoptosis using Annexin V–FITC/PI staining in
RPMI 8226 and U266 cells. Cells were grouped as NC, sg-Ctrl, sg-ELK3#1 and sg-ELK3#2. Data were presented as mean ± SD (n = 3). Statistical
significance was determined by one-way ANOVA with Tukey’s post-hoc test; p < 0.05(*), p < 0.01 (**), and p < 0.001 (***).
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inferred the pseudotime trajectory of MM through Monocle and

Slingshot analyses. The C4 TTN+ plasma cell subtype was primarily

distributed at the end of Lineage 4. Based on the sample origin and

metabolic characteristics of the C4 TTN+ plasma cell subtype, we

suggested that lineage 4 may represent a differentiation trajectory

associated with tumor progression, and that the C4 TTN+ plasma

cell subtype may be associated with the malignant characteristics

of MM.

The expression of stemness-related genes can affect the

occurrence, development, metastasis, and recurrence of cancer

(78, 79). In this study, we observed elevated expression of

multiple stemness-related genes in C4 TTN+ plasma cell subtype,

particularly CD44, HIF1A, ABCG2, KDM5B, and BMI1. This

suggested that this subtype may possess strong stemness

characteristics. Studies have shown that CD44 drives the

transduction of multiple cancer-related signals and is widely

considered a cancer stem cell marker in various cancers (80).

HIF1A expression under hypoxic conditions activates multiple

oncogenes, promoting cancer progression through multiple

mechanisms and being associated with higher mortality (81, 82).

ABCG2 expression levels are significantly correlated with tumor

stemness scores and exhibit multifunctionality in various cancers. It

is believed to have a protective effect in some cancers (83) and may

be associated with multidrug resistance in cancers (84, 85). KDM5B

may regulate the expression of tumor suppressor genes and

oncogenes to some extent, thereby affecting the proliferation and

differentiation of cancer cells (86, 87). BMI1 is overexpressed in a

number of malignancies and linked to treatment resistance, which

results in a worse prognosis and a greater cancer grade or stage (88,

89). In summary, the elevated expression of these key stemness-

related genes in the C4 TTN+ plasma cell subtype suggested that

this subtype may possess strong stemness and invasiveness

characteristics. This finding further supported the speculation that

the C4 TTN+ plasma cell subtype was a tumor-associated

plasma subtype.

CellChat analysis suggested that a complex intercellular

communication network existed between the C4 TTN+ plasma cell

subtype and multiple cell types in the MM TME. The TGFb signaling

pathway may play a pivotal role in the cellular interaction network of

the C4 TTN+ plasma cell subtype. Further ligand-receptor analysis

revealed that TGFB1-(ACVR1C+TGFBR2) made a significant

contribution to mediating communication between C4 TTN+

plasma cell subtype and megakaryocytes, thereby supplementing

and refining the cell interaction map in MM-TME. Previous studies

have shown that the TGFb signaling pathway affects the development

and function of immune cells (90), and promotes the progression of

malignant tumors through multiple mechanisms such as inducing

immunosuppression, epithelial-mesenchymal transition, and

promoting lymphangiogenesis (91). In addition, megakaryocytes can

not only support the growth of malignant plasma cells in the benign

bone marrow microenvironment (92), but also dynamically regulate

the functional state of HSCs and promote the regeneration of HSCs

after injury (93). It is worth noting that an increase in myeloid-biased

HSCs (my-HSCs) in HSCs has been shown to weaken adaptive

immune responses (94). In summary, during the progression of

MM, the C4 TTN+ plasma cell subtype may influence the
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functional states of megakaryocytes and HSCs through the TGFb

signaling pathway, and may further be linked to adaptive immune

dysregulation and inflammatory responses. However, the precise

regulatory mechanisms underlying these associations remain unclear

and require further experimental validation.

Our study further constructed a high-resolution map of the TF

regulatory network in MM. TFs are often persistently activated at

multiple stages of cancer progression, promoting tumor growth and

invasion (95). With the continuous advancement of molecular

biology research, an increasing number of TFs have been

identified as cancer drivers (96), and their aberrant expression or

activation is considered a key factor in the development of various

malignancies. Therefore, identifying and targeting key TF is crucial

for curbing the progression of MM.

In this study, we categorized the transcriptional regulation

patterns of eight plasma cell subtypes into four regulatory

modules using the SCENIC method and AUCell scores. The

results showed that the C4 TTN+ plasma cell subtype was

primarily regulated by the M3 module. Based on the specificity

score, we identified the top five key TFs for the C4 TTN+ plasma cell

subtype: ISL2, NFKB1, ELK3, RELB, and NR3C1. Studies have

shown that ELK3 is associated with the occurrence and

development of various cancers and can promote the invasion

and metastasis of cancer cells, playing a carcinogenic role in

glioma (97, 98), triple-negative breast cancer (99), gastric cancer

(100), and pancreatic cancer (101). Given the relatively high

expression of ELK3 in the C4 TTN+ plasma cell subtype, we

postulated that it might have a similar function in the progression

of MM. To verify this hypothesis, we conducted further in

vitro experiments.

Subsequently, we further confirmed through in vitro experiments

that ELK3 can promote the growth, migration, and survival of MM

plasma cells. We found that ELK3 silencing in RPMI 8226 and U266

cells decreased colony number, proliferation rate, and cell viability as

well as inhibited plasma cell invasion and migration, according to

assays for colony formation, CCK-8 proliferation, and Transwell

migration assays. Flow cytometry results further supported the role

of ELK3 in promoting MM plasma cell survival. ELK3 may be

associated with enhanced proliferative and invasive phenotypes of

plasma cells, indicating its potential as a therapeutic target in MM and

offering new possibilities for targeted intervention.

This study revealed the dynamic changes at the molecular level

during the progression of MM and proposed a novel target, ELK3,

with potential clinical applications. This offered a new possibility for

targeted therapy of MM. However, there are still several limitations.

First, the scRNA-seq data in this study were derived exclusively

from the GSE271107, which included a limited number of samples.

This may have introduced potential sampling bias and could affect

the generalizability of the findings. Second, the analysis was based

only on single-cell sequencing and transcriptomic data and was not

validated using multi-omics methods. Third, the functional

validation experiments were conducted in vitro and may not fully

recapitulate the complex bone marrow microenvironment in vivo.

Consequently, future studies incorporating larger multicenter

cohorts and multi-omics approaches are warranted to further

validate and extend these findings.
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5 Conclusion

This study employed scRNA-seq to characterize the cellular

heterogeneity associated with the progression of MM. We identified

a tumor-associated plasma cell subpopulation, the C4 TTN+ plasma

cell subtype. This subtype may potentially interact with

megakaryocytes and HSCs through the TGFb signaling pathway

and may be associated with adaptive immune dysregulation and

inflammatory responses in MM. Further analyses suggested that the

TF ELK3 may be involved in the progression of MM. These findings

contribute to a deeper understanding of the molecular features

underlying MM progression and may provide new perspectives for

the development of targeted therapeutic strategies.
Data availability statement

The original contributions presented in the study are included

in the article/supplementary material. Further inquiries can be

directed to the corresponding authors.
Ethics statement

Ethical approval was not required for the studies on humans in

accordance with the local legislation and institutional requirements

because only commercially available established cell lines were used.
Author contributions

CS: Writing – original draft, Investigation, Software, Validation,

Data curation, Conceptualization, Supervision, Project

administration, Writing – review & editing. TWC: Methodology,

Conceptualization, Validation, Writing – review & editing,

Investigation, Software, Visualization. SY: Software, Writing –

original draft, Investigation, Validation, Methodology, Formal

analysis, Data curation, Visualization. TH: Formal analysis, Data

curation, Conceptualization, Writing – review & editing,

Supervision, Methodology. TXC: Writing – review & editing,

Supervision, Conceptualization, Resources, Data curation,

Visualization, Software, Validation. CW: Data curation, Software,

Project administration, Writing – original draft, Visualization,

Investigation, Formal analysis, Methodology. YL: Resources,
Frontiers in Immunology 15
Investigation, Writing – review & editing, Funding acquisition,

Validation, Visualization, Software, Supervision.
Funding

The author(s) declared that financial support was not received

for this work and/or its publication.
Acknowledgments

Figure 1 was a flowchart generated using Figdraw

(PAAIT77fe6) software. We would like to thank Figdraw for

its help.
Conflict of interest

The author(s) declared that this work was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Generative AI statement

The author(s) declared that generative AI was not used in the

creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.
References

1. Bernstein ZS, Kim EB, Raje N. Bone disease in multiple myeloma: Biologic and
clinical implications. Cells. (2022) 11:2308. doi: 10.3390/cells11152308

2. Zhuge L, Lin X, Fan Z, Jia M, Lin C, Zhu M, et al. Global, regional and national
epidemiological trends of multiple myeloma from 1990 to 2021: A systematic analysis
of the Global Burden of Disease study 2021. Front Public Health. (2025) 13:1527198.
doi: 10.3389/fpubh.2025.1527198
3. Zhou L, Yu Q, Wei G, Wang L, Huang Y, Hu K, et al. Measuring the global, regional,
and national burden of multiple myeloma from 1990 to 2019. BMC Cancer. (2021)
21:606. doi: 10.1186/s12885-021-08280-y

4. Zhou L, Yu Q, Wei G, Wang L, Huang Y, Hu K, et al. Measuring the global, regional,
and national burden of multiple myeloma from 1990 to 2019. BMC Cancer. (2021)
21:606. doi: 10.1186/s12885-021-08280-y
frontiersin.org

https://doi.org/10.3390/cells11152308
https://doi.org/10.3389/fpubh.2025.1527198
https://doi.org/10.1186/s12885-021-08280-y
https://doi.org/10.1186/s12885-021-08280-y
https://doi.org/10.3389/fimmu.2026.1793391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Song et al. 10.3389/fimmu.2026.1793391
5. Ravn Berg S, Dikic A, Sharma A, Hagen L, Vågbø CB, Zatula A, et al. Progression of
monoclonal gammopathy of undetermined significance to multiple myeloma is
associated with enhanced translational quality control and overall loss of surface
antigens. J Transl Med. (2024) 22:548. doi: 10.1186/s12967-024-05345-x

6. Heider M, Nickel K, Högner M, Bassermann F. Multiple myeloma: Molecular
pathogenesis and disease evolution. Oncol Res Treat. (2021) 44:672–81. doi: 10.1159/
000520312

7. Schmidt T, Callander N. Diagnosis and management of monoclonal gammopathy
and smoldering multiple myeloma. J Natl Compr Cancer Netw: JNCCN. (2020)
18:1720–9. doi: 10.6004/jnccn.2020.7660

8. Liu Y, Parks AL. Diagnosis and management of monoclonal gammopathy of
undetermined significance: A review. JAMA Intern Med. (2025) 185:450–6.
doi: 10.1001/jamainternmed.2024.8124

9. Seth S, Zanwar S, Vu L, Kapoor P. Monoclonal gammopathy of undetermined
significance: Current concepts and future prospects. Curr Hematol Malig Rep. (2020)
15:45–55. doi: 10.1007/s11899-020-00569-2

10. Rajkumar SV, Kumar S, Lonial S, Mateos MV. Smoldering multiple myeloma
current treatment algorithms. Blood Cancer J. (2022) 12:129. doi: 10.1038/s41408-022-
00719-0

11. Bustoros M, Sklavenitis-Pistofidis R, Park J, Redd R, Zhitomirsky B, Dunford AJ,
et al. Genomic profiling of smoldering multiple myeloma identifies patients at a high
risk of disease progression. J Clin Oncol Off J Am Soc Clin Oncol. (2020) 38:2380–9.
doi: 10.1200/JCO.20.00437

12. Padala SA, Barsouk A, Barsouk A, Rawla P, Vakiti A, Kolhe R, et al. Epidemiology,
staging, and management of multiple myeloma.Med Sci (Basel Switzerland). (2021) 9:3.
doi: 10.3390/medsci9010003

13. Legarda MA, Cejalvo MJ, de la Rubia J. Recent advances in the treatment of
patients with multiple myeloma. Cancers (Basel). (2020) 12:3576. doi: 10.3390/
cancers12123576

14. Biswas SK. Metabolic reprogramming of immune cells in cancer progression.
Immunity. (2015) 43:435–49. doi: 10.1016/j.immuni.2015.09.001

15. Minnie SA, Hill GR. Immunotherapy of multiple myeloma. J Clin Invest. (2020)
130:1565–75. doi: 10.1172/JCI129205

16. Minnie SA, Hill GR. Immunotherapy of multiple myeloma. J Clin Invest. (2020)
130:1565–75. doi: 10.1172/JCI129205

17. Rafae A, van Rhee F, Al Hadidi S. Perspectives on the treatment of multiple
myeloma. Oncologist. (2024) 29:200–12. doi: 10.1093/oncolo/oyad306

18. Lu Q, Yang D, Li H, Niu T, Tong A. Multiple myeloma: Signaling pathways and
targeted therapy. Mol BioMed. (2024) 5:25. doi: 10.1186/s43556-024-00188-w

19. Aljama MA, Sidiqi MH, Dingli D. Therapy for relapsed multiple myeloma.
Panminerva Med. (2018) 60:174–84. doi: 10.23736/S0031-0808.18.03542-5

20. Krishnan SR, Bebawy M. Circulating biosignatures in multiple myeloma and their
role in multidrug resistance. Mol Cancer. (2023) 22:79. doi: 10.1186/s12943-022-
01683-w

21. Cheng C, Chen W, Jin H, Chen X. A review of single-cell RNA-seq annotation,
integration, and cell-cell communication. Cells. (2023) 12:1970. doi: 10.3390/
cells12151970

22. Zhao Z, Ding Y, Tran LJ, Chai G, Lin L. Innovative breakthroughs facilitated by
single-cell multi-omics: Manipulating natural killer cell functionality correlates with a
novel subcategory of melanoma cells. Front Immunol. (2023) 14:1196892. doi: 10.3389/
fimmu.2023.1196892

23. Yu X, Xie L, Ge J, Li H, Zhong S, Liu X. Integrating single-cell RNA-seq and spatial
transcriptomics reveals MDK-NCL dependent immunosuppressive environment in
endometrial carcinoma. Front Immunol. (2023) 14:1145300. doi: 10.3389/
fimmu.2023.1145300

24. Zhao F, Jiang X, Li Y, Huang T, Xiahou Z, Nie W, et al. Characterizing tumor
biology and immune microenvironment in high-grade serous ovarian cancer via single-
cell RNA sequencing: Insights for targeted and personalized immunotherapy strategies.
Front Immunol. (2024) 15:1500153. doi: 10.3389/fimmu.2024.1500153

25. Zhao Z, Cai H, Zhao Z, Wang X, NieW, Zhao F, et al. Cancer-associated fibroblast-
derived GDF15 induces oxidative stress and neutrophil infiltration in head and neck
squamous cell carcinoma through the PI3K/AKT/STAT3 axis cascade. Res
(Washington DC). (2025) 8:901. doi: 10.34133/research.0901

26. Zhao Z, Ding Y, Tran LJ, Chai G, Lin L. Innovative breakthroughs facilitated by
single-cell multi-omics: Manipulating natural killer cell functionality correlates with a
novel subcategory of melanoma cells. Front Immunol. (2023) 14:1196892. doi: 10.3389/
fimmu.2023.1196892

27. Izumi M, Fujii M, Kobayashi IS, Ho V, Kashima Y, Udagawa H, et al. Integrative
single-cell RNA-seq and spatial transcriptomics analyses reveal diverse apoptosis-
related gene expression profiles in EGFR-mutated lung cancer. Cell Death Dis. (2024)
15:580. doi: 10.1038/s41419-024-06940-y

28. Ren F, Pang X, Jin F, Luan N, Guo H, Zhu L. Integration of scRNA-seq and bulk
RNA-seq to reveal the association and potential molecular mechanisms of metabolic
reprogramming regulated by lactylation and chemotherapy resistance in ovarian
cancer. Front Immunol. (2025) 16:1513806. doi: 10.3389/fimmu.2025.1513806
Frontiers in Immunology 16
29. Chen Y, Wang H, Yang Q, Zhao W, Chen Y, Ni Q, et al. Single-cell RNA landscape
of the osteoimmunology microenvironment in periodontitis. Theranostics. (2022)
12:1074–96. doi: 10.7150/thno.65694

30. Qian Z, Qin J, Lai Y, Zhang C, Zhang X. Large-scale integration of single-cell RNA-
seq data reveals astrocyte diversity and transcriptomic modules across six central
nervous system disorders. Biomolecules. (2023) 13:692. doi: 10.3390/biom13040692

31. Shi J, Zheng P, Ouyang L, Cui F. Single-cell RNA-seq recognized key genes for
metastasis and macrophage infiltration in colorectal cancer. Hum Mutat. (2025)
2025:9488531. doi: 10.1155/humu/9488531

32. Wang P, Xu S, Guo Q, Zhao Y. Discovery of PAK2 as a key regulator of cancer stem
cell in head and neck squamous cell carcinoma using multi-omic techniques. Stem Cells
Int. (2025) 2025:1325262. doi: 10.1155/sci/1325262

33. Cheng Y, Sun F, Alapat DV, Wanchai V, Mery D, Siegel ER, et al. Multi-omics
reveal immune microenvironment alterations in multiple myeloma and its precursor
stages. Blood Cancer J. (2024) 14:194. doi: 10.1038/s41408-024-01172-x

34. Zhao Z, Ding Y, Tran LJ, Chai G, Lin L. Innovative breakthroughs facilitated by
single-cell multi-omics: Manipulating natural killer cell functionality correlates with a
novel subcategory of melanoma cells. Front Immunol. (2023) 14:1196892. doi: 10.3389/
fimmu.2023.1196892

35. Zhang L, Cui Y, Mei J, Zhang Z, Zhang P. Exploring cellular diversity in lung
adenocarcinoma epithelium: Advancing prognostic methods and immunotherapeutic
strategies. Cell Prolif. (2024) 57:e13703. doi: 10.1111/cpr.13703

36. Zhang X, Zou W, Li Z, Yu Z, Yu S, Lin Z, et al. The heterogeneity of cellular
metabolism in the tumour microenvironment of hepatocellular carcinoma with portal
vein tumour thrombus. Cell Prolif. (2025) 58:e13738. doi: 10.1111/cpr.13738

37. Deng B, Liao F, Liu Y, He P, Wei S, Liu C, et al. Comprehensive analysis of
endoplasmic reticulum stress-associated genes signature of ulcerative colitis. Front
Immunol. (2023) 14:1158648. doi: 10.3389/fimmu.2023.1158648

38. Qi F, Li J, Qi Z, Zhang J, Zhou B, Yang B, et al. Comprehensive metabolic profiling
and genome-wide analysis reveal therapeutic modalities for hepatocellular carcinoma.
Res (Wash D C). (2023) 6:36. doi: 10.34133/research.0036

39. Zhang X, Chao P, Zhang L, Xu L, Cui X, Wang S, et al. Single-cell RNA and
transcriptome sequencing profiles identify immune-associated key genes in the
development of diabetic kidney disease. Front Immunol. (2023) 14:1030198.
doi: 10.3389/fimmu.2023.1030198

40. Qian Z, Qin J, Lai Y, Zhang C, Zhang X. Large-scale integration of single-cell RNA-
seq data reveals astrocyte diversity and transcriptomic modules across six central
nervous system disorders. Biomolecules. (2023) 13(4):692. doi: 10.3390/biom13040692

41. Zhao Z, Cai H, NieW,Wang X, Zhao Z, Zhao F, et al. Ectopic expression of GDF15
in cancer-associated fibroblasts enhances melanoma immunosuppression via the
GFRAL/RET cascade. J Immunother Cancer. (2025) 13:e011036. doi: 10.1136/jitc-
2024-011036

42. Zhang N, Zhang H, Liu Z, Dai Z, Wu W, Zhou R, et al. An artificial intelligence
network-guided signature for predicting outcome and immunotherapy response in
lung adenocarcinoma patients based on 26 machine learning algorithms. Cell Prolif.
(2023) 56:e13409. doi: 10.1111/cpr.13409

43. Ma S, Sun Y, Zheng S, Fu Y, Wang L, Liu D, et al. Single-cell and spatial atlas of
glioblastoma heterogeneity: Characterizing the PCLAF+ subtype and YEATS4's
oncogenic role. Front Immunol. (2025) 16:1614549. doi: 10.3389/fimmu.2025.1614549

44. He S, Li C, Lu M, Lin F, Hu S, Zhang J, et al. Comprehensive analysis of scRNA-seq
and bulk RNA-seq reveals the non-cardiomyocytes heterogeneity and novel cell
populations in dilated cardiomyopathy. J Transl Med. (2025) 23:17. doi: 10.1186/
s12967-024-05983-1

45. Liu H, Sima X, Xiao B, Gulizeba H, Zhao S, Zhou T, et al. Integrated analysis of
single-cell and bulk RNA sequencing data reveals a myeloid cell-related regulon
predicting neoadjuvant immunotherapy response across cancers. J Transl Med.
(2024) 22:486. doi: 10.1186/s12967-024-05123-9

46. Izumi M, Fujii M, Kobayashi IS, Ho V, Kashima Y, Udagawa H, et al. Integrative
single-cell RNA-seq and spatial transcriptomics analyses reveal diverse apoptosis-
related gene expression profiles in EGFR-mutated lung cancer. Cell Death Dis. (2024)
15:580. doi: 10.1038/s41419-024-06940-y

47. Xiao K, Wang S, Chen W, Hu Y, Chen Z, Liu P, et al. Identification of novel
immune-related signatures for keloid diagnosis and treatment: Insights from integrated
bulk RNA-seq and scRNA-seq analysis. Hum Genomics. (2024) 18:80. doi: 10.1186/
s40246-024-00647-z

48. Peng P, Tian J, Lin K, Fang W, Yao F, Yang X, et al. Single-cell RNA-seq reveals a
repair pattern in cystic lesions in steroid induced osteonecrosis of the femoral head.
Front Immunol. (2025) 16:1626337. doi: 10.3389/fimmu.2025.1626337

49. Ma L, Meng Y, An Y, Han P, Zhang C, Yue Y, et al. Single-cell RNA-seq reveals
novel interaction between muscle satellite cells and fibro-adipogenic progenitors
mediated with FGF7 signalling. J Cachexia Sarcopenia Muscle. (2024) 15:1388–403.
doi: 10.1002/jcsm.13484

50. He S, Li C, Lu M, Lin F, Hu S, Zhang J, et al. Comprehensive analysis of scRNA-seq
and bulk RNA-seq reveals the non-cardiomyocytes heterogeneity and novel cell
populations in dilated cardiomyopathy. J Transl Med. (2025) 23:17. doi: 10.1186/
s12967-024-05983-1
frontiersin.org

https://doi.org/10.1186/s12967-024-05345-x
https://doi.org/10.1159/000520312
https://doi.org/10.1159/000520312
https://doi.org/10.6004/jnccn.2020.7660
https://doi.org/10.1001/jamainternmed.2024.8124
https://doi.org/10.1007/s11899-020-00569-2
https://doi.org/10.1038/s41408-022-00719-0
https://doi.org/10.1038/s41408-022-00719-0
https://doi.org/10.1200/JCO.20.00437
https://doi.org/10.3390/medsci9010003
https://doi.org/10.3390/cancers12123576
https://doi.org/10.3390/cancers12123576
https://doi.org/10.1016/j.immuni.2015.09.001
https://doi.org/10.1172/JCI129205
https://doi.org/10.1172/JCI129205
https://doi.org/10.1093/oncolo/oyad306
https://doi.org/10.1186/s43556-024-00188-w
https://doi.org/10.23736/S0031-0808.18.03542-5
https://doi.org/10.1186/s12943-022-01683-w
https://doi.org/10.1186/s12943-022-01683-w
https://doi.org/10.3390/cells12151970
https://doi.org/10.3390/cells12151970
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.3389/fimmu.2023.1145300
https://doi.org/10.3389/fimmu.2023.1145300
https://doi.org/10.3389/fimmu.2024.1500153
https://doi.org/10.34133/research.0901
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.1038/s41419-024-06940-y
https://doi.org/10.3389/fimmu.2025.1513806
https://doi.org/10.7150/thno.65694
https://doi.org/10.3390/biom13040692
https://doi.org/10.1155/humu/9488531
https://doi.org/10.1155/sci/1325262
https://doi.org/10.1038/s41408-024-01172-x
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.3389/fimmu.2023.1196892
https://doi.org/10.1111/cpr.13703
https://doi.org/10.1111/cpr.13738
https://doi.org/10.3389/fimmu.2023.1158648
https://doi.org/10.34133/research.0036
https://doi.org/10.3389/fimmu.2023.1030198
https://doi.org/10.3390/biom13040692
https://doi.org/10.1136/jitc-2024-011036
https://doi.org/10.1136/jitc-2024-011036
https://doi.org/10.1111/cpr.13409
https://doi.org/10.3389/fimmu.2025.1614549
https://doi.org/10.1186/s12967-024-05983-1
https://doi.org/10.1186/s12967-024-05983-1
https://doi.org/10.1186/s12967-024-05123-9
https://doi.org/10.1038/s41419-024-06940-y
https://doi.org/10.1186/s40246-024-00647-z
https://doi.org/10.1186/s40246-024-00647-z
https://doi.org/10.3389/fimmu.2025.1626337
https://doi.org/10.1002/jcsm.13484
https://doi.org/10.1186/s12967-024-05983-1
https://doi.org/10.1186/s12967-024-05983-1
https://doi.org/10.3389/fimmu.2026.1793391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Song et al. 10.3389/fimmu.2026.1793391
51. Sun D, Hu Y, Peng J, Wang S. Construction of T-cell-related prognostic risk
models and prediction of tumor immune microenvironment regulation in pancreatic
adenocarcinoma via integrated analysis of single-cell RNA-seq and bulk RNA-seq. Int J
Mol Sci. (2025) 26:2384. doi: 10.3390/ijms26062384

52. Xu Y, Zhang C, Wu J, Guo P, Jiang N, Wang C, et al. Integrated analysis of single-
cell RNA-seq and spatial transcriptomics to identify the lactylation-related protein
TUBB2A as a potential biomarker for glioblastoma in cancer cells by machine learning.
Front Immunol. (2025) 16:1601533. doi: 10.3389/fimmu.2025.1601533

53. Zhao F, Chen M, Wu T, Ji M, Li F. Integration of single-cell and bulk RNA
sequencing to identify a distinct tumor stem cells and construct a novel prognostic
signature for evaluating prognosis and immunotherapy in LUAD. J Transl Med. (2025)
23:222. doi: 10.1186/s12967-025-06243-6

54. Zheng L, Chen J, YeW, Fan Q, Chen H, Yan H. An individualized stemness-related
signature to predict prognosis and immunotherapy responses for gastric cancer using
single-cell and bulk tissue transcriptomes. Cancer Med. (2024) 13:e6908. doi: 10.1002/
cam4.6908

55. Qu S, Zheng Z, Guo X, Mei J, Jiang S, Chen B. Comprehensive analysis of plasma
cell heterogeneity and immune interactions in multiple myeloma. Front Immunol.
(2025) 16:1549742. doi: 10.3389/fimmu.2025.1549742

56. Dimopoulos MA, Ntanasis-Stathopoulos I, Fotiou D, Theodorakakou F, Solia E,
Spiliopoulou V, et al. Determinants of 15-year progression-free survival in multiple
myeloma; real-world data from a single institution. Am J Hematol. (2025) 100:1747–59.
doi: 10.1002/ajh.70012

57. Lin CH, Tariq MJ, Ullah F, Sannareddy A, Khalid F, Abbas H, et al. Current novel
targeted therapeutic strategies in multiple myeloma. Int J Mol Sci. (2024) 25(11):6192.
doi: 10.3390/ijms25116192

58. Devasia AJ, Chari A, Lancman G. Bispecific antibodies in the treatment of multiple
myeloma. Blood Cancer J. (2024) 14:158. doi: 10.1038/s41408-024-01139-y

59. van de Donk N, Pawlyn C, Yong KL. Multiple myeloma. Lancet. (2021) 397:410–
27. doi: 10.1016/S0140-6736(21)00135-5

60. Dutta AK, Alberge JB, Sklavenitis-Pistofidis R, Lightbody ED, Getz G, Ghobrial IM.
Single-cell profiling of tumour evolution in multiple myeloma - opportunities for
precision medicine. Nat Rev Clin Oncol. (2022) 19:223–36. doi: 10.1038/s41571-021-
00593-y

61. Zanwar S, Jevremovic D, Kapoor P, Olteanu H, Buadi F, Horna P, et al. Clonal
plasma cell proportion in the synthetic phase identifies a unique high-risk cohort in
multiple myeloma. Blood Cancer J. (2025) 15:20. doi: 10.1038/s41408-025-01232-w

62. He H, Li Z, Lu J, Qiang W, Jiang S, Xu Y, et al. Single-cell RNA-seq reveals clonal
diversity and prognostic genes of relapsed multiple myeloma. Clin Transl Med. (2022)
12:e757. doi: 10.1002/ctm2.757

63. Tirier SM, Mallm J, Steiger S, Poos AM, Awwad MHS, Giesen N, et al. Subclone-
specific microenvironmental impact and drug response in refractory multiple myeloma
revealed by single-cell transcriptomics. Nat Commun. (2021) 12:6960. doi: 10.1038/
s41467-021-26951-z

64. Zhao Z, Zhao Z, Lin Z, Fan L, Xiahou Z, Dong Y, et al. Decoding multiple
myeloma: single-cell insights into tumor heterogeneity, immune dynamics, and disease
progression. Front Immunol. (2025) 16:1584350. doi: 10.3389/fimmu.2025.1584350

65. Jolfayi AG, Kohansal E, Ghasemi S, Naderi N, Hesami M, MozafaryBazargany M,
et al. Exploring TTN variants as genetic insights into cardiomyopathy pathogenesis and
potential emerging clues to molecular mechanisms in cardiomyopathies. Sci Rep.
(2024) 14:5313. doi: 10.1038/s41598-024-56154-7

66. Vatta M, Regalado E, Parfenov M, Swartzlander D, Nagl A, Mannello M, et al.
Analysis of TTN truncating variants in >74–000 cases reveals new clinically relevant
gene regions. Circ Genom Precis Med. (2025) 18:e004982. doi: 10.1161/
CIRCGEN.124.004982

67. Xiao L, Li C, Sun Y, Chen Y, Wei H, Hu D, et al. Clinical significance of variants in
the TTN gene in a large cohort of patients with sporadic dilated cardiomyopathy. Front
Cardiovasc Med. (2021) 8:657689. doi: 10.3389/fcvm.2021.657689

68. Gohlke J, Lindqvist J, Hourani Z, Heintzman S, Tonino P, Elsheikh B, et al.
Pathomechanisms of monoallelic variants in TTN causing skeletal muscle disease.Hum
Mol Genet. (2024) 33:2003–23. doi: 10.1093/hmg/ddae136

69. Oh J, Jang SJ, Kim J, Sohn I, Lee J, Cho EJ, et al. Spontaneous mutations in the
single TTN gene represent high tumor mutation burden. NPJ GenomMed. (2020) 5:33.
doi: 10.1038/s41525-019-0107-6

70. Liu Z, Zhao X, Wang R, Tang X, Zhao Y, Zhong G, et al. Heterogeneous pattern of
gene expression driven by TTN mutation is involved in the construction of a prognosis
model of lung squamous cell carcinoma. Front Oncol. (2023) 13:916568. doi: 10.3389/
fonc.2023.916568

71. Zou S, Ye J, Hu S, Wei Y, Xu J. Mutations in the TTN gene are a prognostic factor
for patients with lung squamous cell carcinomas. Int J Gen Med. (2022) 15:19–31.
doi: 10.2147/IJGM.S343259

72. Liu H, Liu J, Guan X, Zhao Z, Cheng P, Chen H, et al. Titin gene mutations
enhance radiotherapy efficacy via modulation of tumour immune microenvironment in
rectum adenocarcinoma. Clin Transl Med. (2025) 15:e70123. doi: 10.1002/ctm2.70123
Frontiers in Immunology 17
73. Wang Y, Li D, Lu J, Chen L, Zhang S, Qi W, et al. Long noncoding RNA TTN-AS1
facilitates tumorigenesis and metastasis by maintaining TTN expression in skin
cutaneous melanoma. Cell Death Dis. (2020) 11:664. doi: 10.1038/s41419-020-02895-y

74. Zheng B, Yi K, Zhang Y, Pang T, Zhou J, He J, et al. Multi-omics analysis of
multiple myeloma patients with differential response to first-line treatment. Clin Exp
Med. (2023) 23:3833–46. doi: 10.1007/s10238-023-01148-4

75. Chen X, Luo T, Zhang W, Wang S, Zhu M, He H, et al. Genomic characteristics
and prognostic correlations in Chinese multiple myeloma patients. BMC Med
Genomics. (2025) 18:50. doi: 10.1186/s12920-025-02116-5

76. Oh J, Jang SJ, Kim J, Sohn I, Lee J, Cho EJ, et al. Spontaneous mutations in the
single TTN gene represent high tumor mutation burden. NPJ Genom Med. (2020) 5:33.
doi: 10.1038/s41525-019-0107-6

77. Kreuzaler P, Panina Y, Segal J, Yuneva M. Adapt and conquer: metabolic flexibility
in cancer growth, invasion and evasion. Mol Metab. (2020) 33:83–101. doi: 10.1016/
j.molmet.2019.08.021

78. Shen Y, Ni S, Li S, Lv B. Role of stemness-related genes TIMP1, PGF, and SNAI1 in
the prognosis of colorectal cancer through single-cell RNA-seq. Cancer Med. (2023)
12:11611–23. doi: 10.1002/cam4.5833

79. Najafi M, Mortezaee K, Ahadi R. Cancer stem cell (a)symmetry & plasticity:
tumorigenesis and therapy relevance. Life Sci. (2019) 231:116520. doi: 10.1016/
j.lfs.2019.05.076

80. Hassn MM, Syafruddin SE, Mohtar MA, Syahir A. CD44: a multifunctional
mediator of cancer progression. Biomolecules. (2021) 11(12):1850. doi: 10.3390/
biom11121850

81. Semenza GL. Targeting HIF-1 for cancer therapy. Nat Rev Cancer. (2003) 3:721–
32. doi: 10.1038/nrc1187

82. Rashid M, Zadeh LR, Baradaran B, Molavi O, Ghesmati Z, Sabzichi M, et al. Up-
down regulation of HIF-1alpha in cancer progression. Gene. (2021) 798:145796.
doi: 10.1016/j.gene.2021.145796

83. Lyu C, Wang L, Stadlbauer B, Buchner A, Pohla H. A pan-cancer landscape of
ABCG2 across human cancers: friend or foe? Int J Mol Sci. (2022) 23(24):15955.
doi: 10.3390/ijms232415955

84. Ma Y, Guo Z, Fan C, Chen J, Xu S, Liu Z. Rationally screened and designed
ABCG2-binding aptamers for targeting cancer stem cells and reversing multidrug
resistance. Anal Chem. (2022) 94:7375–82. doi: 10.1021/acs.analchem.2c00863

85. El-Ashmawy NE, Al-Ashmawy GM, Hamada OB, Khedr NF. The role of ABCG2
in health and disease: linking cancer therapy resistance and other disorders. Life Sci.
(2025) 360:123245. doi: 10.1016/j.lfs.2024.123245

86. Xhabija B, Kidder BL. KDM5B is a master regulator of the H3K4-methylome in
stem cells, development and cancer. Semin Cancer Biol. (2019) 57:79–85. doi: 10.1016/
j.semcancer.2018.11.001

87. Fu YD, Huang MJ, Guo JW, You YZ, Liu HM, Huang LH, et al. Targeting histone
demethylase KDM5B for cancer treatment. Eur J Med Chem. (2020) 208:112760.
doi: 10.1016/j.ejmech.2020.112760

88. Wu KJ. Direct activation of Bmi1 by Twist1: implications in cancer stemness,
epithelial-mesenchymal transition, and clinical significance. Chang Gung Med J. (2011)
34(3):229–38.

89. Siddique HR, Saleem M. Role of BMI1, a stem cell factor, in cancer recurrence and
chemoresistance: preclinical and clinical evidences. Stem Cells. (2012) 30:372–78.
doi: 10.1002/stem.1035

90. Chen B, Mu C, Zhang Z, He X, Liu X. The love-hate relationship between TGF-b
signaling and the immune system during development and tumorigenesis. Front
Immunol. (2022) 13:891268. doi: 10.3389/fimmu.2022.891268

91. Trelford CB, Dagnino L, Di Guglielmo GM. Transforming growth factor-b in
tumour development. Front Mol Biosci . (2022) 9:991612. doi: 10.3389/
fmolb.2022.991612

92. Wong D, Winter O, Hartig C, Siebels S, Szyska M, Tiburzy B, et al. Eosinophils and
megakaryocytes support the early growth of murine MOPC315 myeloma cells in their
bone marrow niches. PloS One. (2014) 9:e109018. doi: 10.1371/journal.pone.0109018

93. ZhaoM, Perry JM, Marshall H, Venkatraman A, Qian P, He XC, et al. Megakaryocytes
maintain homeostatic quiescence and promote post-injury regeneration of hematopoietic
stem cells. Nat Med. (2014) 20:1321–26. doi: 10.1038/nm.3706

94. Ross JB, Myers LM, Noh JJ, Collins MM, Carmody AB, Messer RJ, et al. Depleting
myeloid-biased haematopoietic stem cells rejuvenates aged immunity. Nature. (2024)
628:162–70. doi: 10.1038/s41586-024-07238-x

95. Hasan A, Khan NA, Uddin S, Khan AQ, Steinhoff M. Deregulated transcription
factors in the emerging cancer hallmarks. Semin Cancer Biol. (2024) 98:31–50.
doi: 10.1016/j.semcancer.2023.12.001

96. Bushweller JH. Targeting transcription factors in cancer - from undruggable to
reality. Nat Rev Cancer. (2019) 19:611–24. doi: 10.1038/s41568-019-0196-7

97. Xin Z, Guo Y, Zhou Q, Wang L, Liu W, Jiang X, et al. High ELK3 expression is
associated with the wild type IDH1 in glioma and enhances infiltration ofM2macrophages.
Int Immunopharmacol. (2025) 161:115064. doi: 10.1016/j.intimp.2025.115064
frontiersin.org

https://doi.org/10.3390/ijms26062384
https://doi.org/10.3389/fimmu.2025.1601533
https://doi.org/10.1186/s12967-025-06243-6
https://doi.org/10.1002/cam4.6908
https://doi.org/10.1002/cam4.6908
https://doi.org/10.3389/fimmu.2025.1549742
https://doi.org/10.1002/ajh.70012
https://doi.org/10.3390/ijms25116192
https://doi.org/10.1038/s41408-024-01139-y
https://doi.org/10.1016/S0140-6736(21)00135-5
https://doi.org/10.1038/s41571-021-00593-y
https://doi.org/10.1038/s41571-021-00593-y
https://doi.org/10.1038/s41408-025-01232-w
https://doi.org/10.1002/ctm2.757
https://doi.org/10.1038/s41467-021-26951-z
https://doi.org/10.1038/s41467-021-26951-z
https://doi.org/10.3389/fimmu.2025.1584350
https://doi.org/10.1038/s41598-024-56154-7
https://doi.org/10.1161/CIRCGEN.124.004982
https://doi.org/10.1161/CIRCGEN.124.004982
https://doi.org/10.3389/fcvm.2021.657689
https://doi.org/10.1093/hmg/ddae136
https://doi.org/10.1038/s41525-019-0107-6
https://doi.org/10.3389/fonc.2023.916568
https://doi.org/10.3389/fonc.2023.916568
https://doi.org/10.2147/IJGM.S343259
https://doi.org/10.1002/ctm2.70123
https://doi.org/10.1038/s41419-020-02895-y
https://doi.org/10.1007/s10238-023-01148-4
https://doi.org/10.1186/s12920-025-02116-5
https://doi.org/10.1038/s41525-019-0107-6
https://doi.org/10.1016/j.molmet.2019.08.021
https://doi.org/10.1016/j.molmet.2019.08.021
https://doi.org/10.1002/cam4.5833
https://doi.org/10.1016/j.lfs.2019.05.076
https://doi.org/10.1016/j.lfs.2019.05.076
https://doi.org/10.3390/biom11121850
https://doi.org/10.3390/biom11121850
https://doi.org/10.1038/nrc1187
https://doi.org/10.1016/j.gene.2021.145796
https://doi.org/10.3390/ijms232415955
https://doi.org/10.1021/acs.analchem.2c00863
https://doi.org/10.1016/j.lfs.2024.123245
https://doi.org/10.1016/j.semcancer.2018.11.001
https://doi.org/10.1016/j.semcancer.2018.11.001
https://doi.org/10.1016/j.ejmech.2020.112760
https://doi.org/10.1002/stem.1035
https://doi.org/10.3389/fimmu.2022.891268
https://doi.org/10.3389/fmolb.2022.991612
https://doi.org/10.3389/fmolb.2022.991612
https://doi.org/10.1371/journal.pone.0109018
https://doi.org/10.1038/nm.3706
https://doi.org/10.1038/s41586-024-07238-x
https://doi.org/10.1016/j.semcancer.2023.12.001
https://doi.org/10.1038/s41568-019-0196-7
https://doi.org/10.1016/j.intimp.2025.115064
https://doi.org/10.3389/fimmu.2026.1793391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Song et al. 10.3389/fimmu.2026.1793391
98. Jing S, Wang L, Liu W, Li C. ELK3 expression as a prognostic marker in patients
with glioma. Neurol Res. (2025) 47:550–56. doi: 10.1080/01616412.2025.2490088

99. Park JD, Kim KS, Choi SH, Jo GH, Choi JH, Park SW, et al. ELK3 modulates the
antitumor efficacy of natural killer cells against triple negative breast cancer by
regulating mitochondrial dynamics. J Immunother Cancer. (2022) 10(7):e004825.
doi: 10.1136/jitc-2022-004825
Frontiers in Immunology 18
100. Lee M, Cho HJ, Park KS, Jung HY. ELK3 controls gastric cancer cell migration
and invasion by regulating ECM remodeling-related genes. Int J Mol Sci. (2022) 23
(7):3709. doi: 10.3390/ijms23073709

101. Zhao Q, Ren Y, Xie H, Yu L, Lu J. ELK3 mediated by ZEB1 facilitates the growth
and metastasis of pancreatic carcinoma by activating the Wnt/beta-Catenin pathway.
Front Cell Dev Biol. (2021) 9:700192. doi: 10.3389/fcell.2021.700192
frontiersin.org

https://doi.org/10.1080/01616412.2025.2490088
https://doi.org/10.1136/jitc-2022-004825
https://doi.org/10.3390/ijms23073709
https://doi.org/10.3389/fcell.2021.700192
https://doi.org/10.3389/fimmu.2026.1793391
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Single-cell RNA sequencing analysis revealed a potential association between ELK3 expression and the progression of multiple myeloma
	1 Introduction
	2 Materials and methods
	2.1 Source of data and preprocessing
	2.2 Cell type identification
	2.3 Differentially expressed genes enrichment and AUCell analysis
	2.4 Analysis of plasma cell differentiation trajectories and stemness-related characteristics
	2.5 Cell communication analysis
	2.6 Construction of gene regulatory networks
	2.7 Cell culture
	2.8 CRISPR/Cas9-mediated ELK3 silencing
	2.9 Quantitative real-time PCR
	2.10 Cell proliferation assay (CCK-8)
	2.11 Colony formation assay
	2.12 Cell migration assay (Transwell)
	2.13 Apoptosis analysis
	2.14 Statistical analysis

	3 Results
	3.1 scRNA-seq analysis in the progression of MM
	3.2 Heterogeneity of plasma cell subtypes
	3.3 Pseudotime trajectory and stemness analysis reveal the potential malignant progression of the C4 TTN+ plasma cell subtype
	3.4 Cell communication network analysis predicted complex signal transduction among various cell types and identified key cancer-related signaling pathways
	3.5 Inference of TF regulatory networks using SCENIC
	3.6 The ELK3 knockdown suppressed proliferation, colony formation, migration, and survival of MM plasma cells

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


